Li Y, Solomon TP, Haus JM, Saidel GM, Cabrera ME, Kirwan JP. Computational model of cellular metabolic dynamics: effect of insulin on glucose disposal in human skeletal muscle. Am J Physiol Endocrinol Metab 298: E1198 -E1209, 2010. First published March 23, 2010; doi:10.1152/ajpendo.00713.2009.-Identifying the mechanisms by which insulin regulates glucose metabolism in skeletal muscle is critical to understanding the etiology of insulin resistance and type 2 diabetes. Our knowledge of these mechanisms is limited by the difficulty of obtaining in vivo intracellular data. To quantitatively distinguish significant transport and metabolic mechanisms from limited experimental data, we developed a physiologically based, multiscale mathematical model of cellular metabolic dynamics in skeletal muscle. The model describes mass transport and metabolic processes including distinctive processes of the cytosol and mitochondria. The model simulated skeletal muscle metabolic responses to insulin corresponding to human hyperinsulinemic-euglycemic clamp studies. Insulin-mediated rate of glucose disposal was the primary model input. For model validation, simulations were compared with experimental data: intracellular metabolite concentrations and patterns of glucose disposal. Model variations were simulated to investigate three alternative mechanisms to explain insulin enhancements: Model 1 (M.1), simple mass action; M.2, insulin-mediated activation of key metabolic enzymes (i.e., hexokinase, glycogen synthase, pyruvate dehydrogenase); or M.3, parallel activation by a phenomenological insulin-mediated intracellular signal that modifies reaction rate coefficients. These simulations indicated that models M.1 and M.2 were not sufficient to explain the experimentally measured metabolic responses. However, by application of mechanism M.3, the model predicts metabolite concentration changes and glucose partitioning patterns consistent with experimental data. The reaction rate fluxes quantified by this detailed model of insulin/glucose metabolism provide information that can be used to evaluate the development of type 2 diabetes. insulin resistance; mathematical model; obesity; diabetes SKELETAL MUSCLE ACCOUNTS FOR ϳ80% of all insulin-mediated glucose uptake (35, 39, 42, 46) . A reduction in skeletal muscle insulin sensitivity is therefore a major cause of hyperglycemia (20). Uncontrolled hyperglycemia is the hallmark characteristic of type 2 diabetes mellitus, a state that, if untreated, leads to systemic oxidative stress and inflammation and subsequent microvascular dysfunction (34). Thus, quantitative understanding of the regulatory mechanisms that control insulin-mediated glucose disposal in skeletal muscle, and indeed knowledge of the partitioning of glucose toward oxidative or nonoxidative metabolism, is essential to develop treatments for diabetes (37).
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The hyperinsulinemic euglycemic clamp has been widely used to quantify insulin sensitivity (9) . Under such controlled conditions, the insulin-stimulated glucose disposal rate (GDR) can be considered an effective and physiological input signal in a mathematical model to analyze the responses (outputs) of skeletal muscle metabolism. Skeletal muscle biopsies obtained during clamp experiments indicate that metabolic species in the cytosol or mitochondria show only modest increases (1, 13, 31) ; in fact, intracellular glucose has been shown to decrease slightly (11) . Nevertheless, noticeable increases in reaction fluxes, such as that of glucose phosphorylation (4), carbohydrate oxidation (16, 23) , and energy expenditure (15, 22) , occur during hyperinsulinemic conditions. Such information indicates that skeletal muscle becomes more active when stimulated by insulin. To match the substantially increased glucose uptake rate, most reaction fluxes need to be elevated in a coordinated manner because glucose disposal involves a series of pathways and reactions in skeletal muscle. To date, however, clamp experiments have shown elevated enzyme activity or protein content in only a few key enzymes: hexokinase (HK), glycogen synthase (GS), and pyruvate dehydrogenase (PDH) (22) (23) (24) 45) . Whether these increases are sufficient to stimulate the entire metabolic system of skeletal muscle requires examination.
Due to a shortage of dynamic in vivo human data, the regulatory mechanisms of insulin action on skeletal muscle metabolism are poorly understood. To quantitatively interpret the limited data, a physiologically based mathematical model can be applied. Models related only to the intracellular effects of insulin provide limited mechanistic understanding of the in vivo metabolic effects of insulin on skeletal muscle because they do not include some key elements (8, 29) or are focused only on insulin signaling (36) . Instead, a multiscale mathematical model of cellular metabolic dynamics is needed to quantify mechanisms by which insulin regulates skeletal muscle metabolism (21) . Furthermore, it is essential to examine the fate of intracellular glucose by investigating oxidative vs. nonoxidative glucose disposal. The model presented in this study incorporates most key metabolites and enzymatic reactions in skeletal muscle to simulate dynamic responses of in vivo metabolism during hyperinsulinemic euglycemic clamp experiments in healthy subjects. Model variations were simulated to investigate three alternative mechanisms (Models M.1, M.2, and M.3) to explain insulin enhancements.
METHODS

Overview
Insulin facilitates glucose uptake and glucose disposal in skeletal muscle through multiple intracellular reactions, including phosphorylation of glucose by HK, glycogen synthesis via GS, glycolysis via PDH, and the TCA cycle (16, 17) . We developed a mathematical model for these processes in a skeletal muscle model based on previous work that describes transport and metabolic processes in capillary blood, cytosol, and mitochondria (21) . For this study, the model needed the addition of a malonyl-CoA pathway with four reaction fluxes in the cytosol (ATP-citrate lyase, acetyl-CoA carboxylase, malate dehydrogenase, and malonyl-CoA utilization) as well as citrate and malate transport fluxes between the cytosol and mitochondria. The detailed metabolic pathways of the model are shown in Fig. 1 .
The primary model input is insulin-mediated glucose disposal. To quantitatively analyze the regulatory mechanisms of insulin on skeletal muscle metabolism, three different forms of the model were simulated: M.1, simple mass action; M.2, insulin-mediated activation of key metabolic enzymes (i.e., HK, GS, PDH) M. 3 , parallel activation by a phenomenological insulin-mediated intracellular signal that modifies the coefficients of specific reaction and transport rates. To validate the model and evaluate many of its parameters, we compared simulated outputs to intramyocellular human data collected during hyperinsulinemic euglycemic clamp experiments.
Experimental Methods
Subjects. Fifteen lean, healthy human subjects (n ϭ 15; age 24 Ϯ 1 yr, BMI 22.2 Ϯ 0.7 kg/m 2 ) with normal glucose tolerance (NGT) volunteered to undergo a hyperinsulinemic euglycemic clamp. Medical screening excluded individuals with heart, kidney, liver, intestinal, and pulmonary diseases or those taking medications for hypertension, diabetes, or other obesity-related conditions. All volunteers had been sedentary and weight stable for 6 mo prior to the study. The study was approved by the Case Western Reserve University Institutional Review Board, and written informed consent was provided by our subjects in accordance with the guidelines for the protection of human subjects.
Hyperinsulinemic euglycemic clamp experiment. Clamps were performed as previously described (9, 38) . In the morning following an overnight fast, subjects voided urine and were weighed. Intravenous lines were inserted into an antecubital vein (for the infusion of glucose and insulin), and into a heated dorsal vein in retrograde fashion (for arterialized blood sampling). A 2-h primed 40 mU · m Ϫ2 · min Ϫ1 insulin infusion proceeded, while a variable-rate 20% dextrose infusion was used to maintain plasma glucose concentrations at 90 mg/dl. Arterialized blood samples were collected every 5 min to measure plasma glucose (Beckman Instruments, Fullerton, CA) to adjust the glucose infusion rate. Space-corrected steady-state GDR was calculated during the last 30 min of the procedure, according to DeFonzo et al. (9) . Plasma insulin was assayed via commercial radioimmunoassay (Linco, St. Charles, MO). Free fatty acid concentrations in arterialized blood were determined by colorimetric assay (Wako Reactions and species are further compartmentalized into cytosolic and mitochondrial reactions and species. Glu, glucose; Gly, glycogen; G6P, glucose 6-phosphate; F6P, fructose 6-phosphate; F16BP, fructose 1,6-biphosphate; GA3P, glyceraldehyde-3-phosphate; 13BPG, 1,3-biphosphate glycerate; PEP, phosphoenolpyruvate; Pyr, pyruvate; Lac, lactate; Ala, alanine; Gr3P, glycerol 3-phosphate; Tgl, triglycerides; Glr, glycerol; FFA, free fatty acid; FAC, fatty acyl-CoA; ACoA, acetyl-CoA; Cit, citrate; AKG, ␣-ketogluterate; SCoA, succinyl-CoA; Suc, succinate; Mal, malate; Oxa, oxaloacetate; CoA, coenzyme-A (free); PCr, phosphocreatine; Cr, creatine; Pi, inorganic phosphate; NADH, reduced nicotinamide adenine dinucleotide; NAD ϩ , oxidized nicotinamide adenine dinucleotide; FADH2, reduced flavin adenine dinucleotide; FAD, oxidized flavin adenine dinucleotide; MalCoA, Malonyl-CoA; IMS, intermembrane space of mitochondria. Red line, tissue including mitochondrial and cytosolic domains; Blue line, capillary blood domain. Detailed descriptions of reactions are listed in the online supplement (APPENDIX C).
Chemicals, Dallas, TX). Indirect calorimetry was performed during resting and insulin-stimulated conditions, as previously described (38) 
Model Development
Dynamic mass balances. This model structure is composed of three domains: blood, cytosol, and mitochondria, following a previous model (21) (online supplement, APPENDIX A; supplemental materials are found linked to the online version of this article at the Journal's web site). In the capillary domain, the dynamic mass balance equation of a chemical species j can be expressed as:
where C art,j is the arterial concentration; Cbl,j is the capillary blood concentration, which approximates the venous concentration Cven,j; Vbl is the total effective volume of the blood (and interstitial fluid); Q is the tissue blood flow; J bl↔cyt,j k is the net mass flux between blood and cytosol that is associated with passive (k ϭ p) or facilitated (k ϭ f) transport. The dynamic mass balance equations for species j in the cytosol and mitochondria have the general forms:
where C x,j is the concentration of species (j) in cytosol (x ϭ cyt) or mitochondria (x ϭ mit); Vx is the effective volume occupied by the cytosol or mitochondria; J cyt↔mit,j k is the net mass transport flux of j by mechanism k between the cytosol and mitochondria; and Rx,j is the net rate of the metabolic reaction producing and utilizing substrate j in domain x:
where x,S↔P is the reaction flux rate that the species j is involved in as substrate (S) or product (P), and ␤j,S↔P is the corresponding stoichiometric coefficient. The detailed mass balance equations of each species in each domain are listed in the online supplement (APPENDIX B). Metabolic fluxes. The reaction fluxes in cytosol or mitochondria can be expressed as reversible enzyme kinetics (21): 
The detailed reaction fluxes of the model are listed in the online supplement (APPENDIX C).
Transport fluxes. The transport fluxes may be passive (p) or carrier mediated, i.e., facilitated (f). The net transport flux of species between domains and for passive diffusion is J x↔y,j p ϭ x↔y,j (C x,j Ϫ C y,j )
and for facilitated transport is
where x↔y,j is the effective permeability-surface area product for passive diffusion; Tx↔y,j is the maximal transport rate for facilitated transport and Mx↔y,j is the corresponding Michaelis-Menten (MM) constant. In this model, malonyl-CoA can inhibit the transport of fatty acyl-CoA (FAC) from the cytosol to mitochondria (33) . Therefore, in the FAC transport flux:
an inhibition modulator is incorporated:
Model inputs. The primary model input is the experimentally measured insulin-mediated GDR, which enters as
where J bl↔cyt,Glu,0 f and J bl↔cyt,Glu,clamp f are the measured GDRs at rest and during the insulin-stimulated clamp; Glu is the time constant; t0 is start of the clamp from a resting, steady state. Due to the inhibition of lipolysis in adipose tissue by insulin (35) , the concentration of arterial free fatty acids (FFA) decreases substantially under insulinstimulated conditions:
where Ca,FFA,0 and Ca,FFA,clamp are the experimentally measured arterial FFA concentrations at rest and during the insulin-stimulated stage of the clamp experiment; FFA is the time constant. Furthermore, insulin can increase substrate availability to skeletal muscle due to increased capillary dilation and net blood flow (7, 15, 26) , which changes as
ͪͪ (13) where Q0 and Qclamp are the measured blood flow rates at rest and during insulin stimulation (15) ; the time constant Q is assumed equal to Glu.
Model Simulation Strategy
Model implementation. This insulin/glucose metabolism model was used to simulate a hyperinsulinemic-euglycemic clamp experiment in healthy human subjects with NGT. To investigate three alternative mechanisms to explain insulin enhancements, three model variations (M.1, M.2, M.3) were tested. In the basic model (M.1), parameter values are not affected by insulin stimulation, so that responses reflect only the effect of mass action. According to available measurements, model M.2 assumes that insulin stimulates enzyme activity associated only with HK (24, 28, 45) , GS (3, 24, 45) , and PDH (6, 22, 23) ; consequently, activity coefficients are incorporated in the corresponding enzymatic reactions. Model M.3 assumes that maximum-rate coefficients of reaction and transport (V max,S↔P or Tcyt↔mit,j) associated with glucose disposal reactions in tissue will increase during the clamp experiment.
M.2 simulations were based on measured insulin-stimulated changes in enzyme activity of HK (24, 28, 45) , GS (3, 24, 45) , and PDH (6, 22, 23) . The effect of these activated enzymes was simulated by modifying reaction fluxes in Eq. 5:
where x,S↔P,i(t)i ʦ (HK, GS, PDH) is the activity coefficient defined as
where Enz,i 0 represents the measured enzyme activity at the end of the clamp experiment.
In the simulations of M.3, the reaction fluxes were modified by an enhancement coefficient associated with an apparent stimulation effect of insulin:
The reaction rate coefficient changes according to
where x,S↔P 0 is the maximal value of the enhancement coefficient. Reactions and processes that are not considered to be activated in response to insulin include glycogen phosphorylation, lactate dehydrogenase, lipase, acyl-CoA synthetase, adenylate kinase, creatine kinase, and ␤-oxidation. Furthermore, values of x,S↔P 0 are assumed identical for reactions in the same pathway, e.g., glycolysis, triglyceride synthesis, TCA cycle, oxidative phosphorylation, and malonylCoA branch.
Transport fluxes between cytosol and mitochondria that are closely associated with reaction fluxes can be stimulated indirectly by insulin. To reflect this, we incorporate an enhancement coefficient in the transport flux of the involved chemical species between cytosol and mitochondria except O 2 and CO2: Cytosolic and mitochondrial species concentrations are calculated from the tissue cells species concentrations according to their approximate volumes of distribution and mass fractions. Most of the species concentrations are the same as those previously reported (21) . Definitions are as in Fig. 1 .
where the enhancement coefficient varies with time according to
and cyt↔mit,j 0 is the maximal value of the enhancement coefficient. Evaluation of steady-state concentrations and fluxes. The values of resting steady-state concentrations of most species in cytosol and mitochondria were found previously (21) . The exceptions were concentration values of malonyl-CoA (2, 27, 32) and of citrate (Cit), malate (Mal), oxaloacetate (OAA), and acetyl-CoA (ACoA), which were based on an assumed distribution between the cytosol and mitochondria (Table 1) . Also, the resting steady-state values of the transport fluxes were previously reported (21) and are listed in Table 2 .
Simulations for all models start with the same resting steady-state flux balance. From the mass balance equations (Eqs. 1, 2, and 3) at steady state, the reaction and transport fluxes satisfy
The sequence of evaluation has been described previously (21) . Using Eq. 17, the transport fluxes J bl↔cyt,j k were determined from the measured uptake rates URbl↔cyt,j. Then, by a flux-balance analysis with the other Eqs. 18a and 18b, the reaction rate and the transport fluxes J cyt↔mit,j k were evaluated except for citrate, which was assumed to be 1% of the reaction flux of CS because no experimental data were available. Values of the resting steady-state transport and reaction fluxes are listed in Tables 2 and 3 , respectively.
The model equations were solved numerically using MATLAB ("ode15s"; MathWorks, Natick, MA) to simulate the hyperinsulinemic metabolic responses in blood and skeletal muscle.
Estimation of Model Parameters
Values of the input parameters ( Glu, FFA) estimated from leastsquares fitting of the model input equations to experimental data (Fig. 2) are listed in Table 4 Resting blood-cytosol species transport fluxes satisfy Jbl↔cyt ϭ UR ϭ Q(Cart-Cven) at resting steady-state conditions. Resting cytosol-mitochondria species transport fluxes Jcyt↔mit are based on a flux balance analysis at resting steady-state conditions. Transport parameters (, Tmax) for a species are evaluated from the governing equation of transport flux associated with the specific species at resting steady state. Activation coefficients are optimized to fit the experimental data during the clamp experiment on the basis of the model variation M.3. †Transport of ATP-ADP and NADH-NAD ϩ between cytosol and mitochondria follow special carrier-mediated transport mechanisms (21) . ‡Transport of FAC from cytosol to mitochondria is assumed to be inhibited by malonyl-CoA. The corresponding modulation coefficient K cyt↔mit, (Tables 2 and 3 ). In the constrained optimization process most x,S↔P 0 and cyt↔mit,j 0 , we set the inequality constraints with the lower bound as 1 and upper bounds as 10, except for the reaction of HK and PDH, whose upper bounds are set as 30 and 40, respectively. The nonlinear constrained optimization was achieved using a robust generalized reduced gradient algorithm GRG2, (http://www.maxthis. com/Grg2ug.htm) (21) .
RESULTS
Model simulations were compared with experimental data from insulin stimulation of skeletal muscle to provide validation of the mathematical model and to investigate possible mechanisms that are consistent with the data. The data were obtained from human hyperinsulinemic-euglycemic clamp experiments of healthy subjects and from the literature. Possible mechanisms were simulated with three model variations (M.1, M.2, and M.3).
Dynamics of Model Inputs
The simulated model input functions were fitted to glucose disposal and plasma FFA data obtained from clamp experiments (Fig. 2) . The change in blood flow during hyperinsulinemia was based on literature data (15) . Insulin-stimulated GDRs increased approximately ninefold ( Fig. 2A) , arterial FFA concentration decreased substantially (ϳ80%; Fig. 2B) , and blood flow increased by ϳ20% under these experimental conditions (Fig. 2C) .
Species concentration responses. Model simulations of the dynamic responses of intracellular species concentrations for each model variation (Fig. 3) were compared with insulin-response data. Only M.3 fits all of the experimental data. Whereas M.1 and M.2 simulations predicted large increases in [Glu] (Fig. 3A) , M.3 predicted a moderate decrease in intracellular [Glu] . Simulations of [G6P] with M.1 and M.2 predicted increases of ϳ110 and ϳ170%, respectively (Fig. 3B) that deviate from the experimental data, but the M.3 predicted ϳ130% increase corresponds more closely to the data. The simulated [Gly] from M.1 showed little change, whereas M.2 and M.3 both predicted a ϳ20% increase (Fig. 3C) .
M.1 and M.2 predict ϳ20 and ϳ50% decreases in [Pyr] (Fig. 3D) and a minor increase for [Lac] (Fig. 3E) , respec- (Fig. 3D) and [Lac] (Fig.  3E ) matched the increase of ϳ100% during the clamp experiment.
[Mal] increased 70 -75% in accord with experimental data (Fig. 3F) in simulations of models M.1, M.2, and M.3. Whereas M.1 and M.2 predicted an ϳ35% decrease in [Cit], M.3 simulated a 50% increase at ϳ30 min with a good fit to the experimental data (Fig. 3G) . Simulations of [MalCoA] with M.1 and M.2 predicted a ϳ35% decrease, which was ϳ50% lower than the experimental data. M.3 predicted a ϳ25% increase of [MalCoA] that fit the experimental data well (Fig. 3H) .
Responses of Reaction Fluxes
Glucose disposal in tissue is associated with the key reaction fluxes of HK, GS, glycolysis, PDH, the TCA cycle, and oxidative phosphorylation. Simulations with M.3 produced reaction fluxes that were greater than those with M.1 and M.2 (Fig. 4) . Simulated responses of the HK reaction flux with M.1, M.2, and M.3 showed increases of ϳ150, ϳ600, and ϳ900%, respectively. The reaction fluxes of GS increased by ϳ100% for M.1, and by ϳ500% for both M. 2 
Contributions to Glucose Disposal Flux
The three components of glucose disposal in tissue are 1) nonoxidative disposal indicated by lactate and alanine transport from tissue to blood, 2) net glycogen synthesis in the cytosol, and 3) oxidative disposal in mitochondria. The relative rates of these glucose disposal mechanisms predicted by M.2 and M.3 were compared with experimental data (23) in Fig. 5 . At rest, net glycogen synthesis was zero, whereas nonoxidative and oxidative mechanisms accounted for ϳ40 and 60% of GDRs, respectively. Under hyperinsulinemic conditions, the net glycogen synthesis rate increased rapidly in both M.2 and M.3 models and eventually accounted for ϳ60% of the glucose disposal. The initial response of M.3 response was faster than the M.2 response. The nonoxidative disposal rates of both M.2 and M.3 decreased rapidly, but the M.3 simulation was closer to the experimental data at the end of the clamp experiment that shows a relative contribution of 15%. With respect to oxidative glucose disposal, the initial rate decreases quickly according to the M.3 model but increases according to the M.2 model. After this initial phase, oxidative disposal rates of both models decrease. At the end of the clamp experiment at which the relative oxidative GDR is ϳ25%, the M.3 simulation is closer to the experimental value than the M.2 simulation.
DISCUSSION
Overview
A physiological, cell-based mathematical model of skeletal muscle metabolism was developed to investigate intracellular responses to insulin stimulation with a clamp experiment. This model includes the most important metabolic species with transport and reaction fluxes necessary to describe skeletal muscle metabolism in response to insulin stimulation. Making use of information from previous investigations (8, 29, 30, 36) , three alternative mechanisms (M.1-3) were simulated for comparison with the experimental data.
Role of Mass Action and Activated Key Enzymes
The effect of mass action alone (M.1 simulation) or with increased key enzyme activity (M.2 simulation) of HK, GS and PDH cannot account for the experimental responses of the GDR produced by the insulin clamp (Fig. 3) . Theoretically, according to the glucose mass balance equation, the rate of glucose utilization (catalyzed by HK) must increase to match the increase in GDR; otherwise, glucose uptake would inevitably cause the accumulation of tissue glucose. Additionally, the increase of other species concentrations during the clamp (Fig. 3) indicates that the rates of all downstream reactions must also increase. However, M.1 simulation produced only minor changes in intracellular species (Fig. 3) . Even with increased enzyme activity, the M.2 simulation did not sufficiently increase glycolysis, PDH, TCA cycle, and oxidative phosphorylation (Fig. 4) . Therefore, a more complex activation mechanism is needed to stimulate skeletal muscle metabolism in response to insulin.
Effect of Dynamic Reaction and Transport Flux Rates
The large increase in GDR during hyperinsulinemia must be balanced by greater glucose utilization in skeletal muscle to avoid accumulation of metabolic intermediates. This balance can be achieved by allowing the maximal-rate coefficients for reaction or transport, V max,S↔P or T cyt↔mit,j , or maximal enhancement coefficients x,S↔P 0 or cyt↔mit,j 0 , to increase with the same time constant as GDR, Glu . These factors reflect the phenomenological stimulation effect of insulin on specific reaction and transport processes. This concept was implemented in the M.3 model to achieve a good fit of the simulated output to all experimental data ( Fig. 3) and to predict necessary increases in reaction fluxes (Fig. 4) . Reaction flux rates directly reflect the metabolic status of a tissue. Up to now, only sparse in vivo experimental reaction flux data have been available. In young, healthy individuals, ATP synthesis rate increased by ϳ40% during a hyperinsulinemic-euglycemic clamp experiment (5, 40, 41) . In similar subjects under hyperinsulinemic conditions, the carbohydrate oxidation rate increased about two-to threefold (15, 23) . Although skeletal muscle is not contracting during the clamp experiment, the 26% increase in energy expenditure is significant (15) . Because carbohydrate oxidation involves a series of reaction pathways (glycolysis, PDH, TCA cycle, oxidative phosphorylation), all the reaction fluxes in response to insulin should increase in a coordinated manner. This is achieved in the M.3 simulation by increasing reaction flux rate coefficients associated with glucose disposal. Consequently, the predicted reaction fluxes (Fig. 4) show remarkable increases in which the HK flux rate is almost the same as the GDR.
These predicted flux rates enable the contributions to the GDR in skeletal muscle to be quantitatively evaluated. After glucose enters skeletal muscle, it can be converted via three possible pathways: 1) glycogen synthesis, 2) conversion to alanine and lactate, or 3) oxidative phosphorylation. After phosphorylation to G6P by HK, glucose can be used to synthesize glycogen, or it can be catalyzed further along the glycolytic pathway to produce pyruvate. Pyruvate is either converted to lactate and alanine, which is then released into the blood (nonoxidative disposal), or it can enter the mitochondria and be oxidized completely via the TCA cycle and oxidative phosphorylation (oxidative disposal). The partitioning of glucose uptake predicted by M.3 simulation was consistent with experimental data obtained during clamp experiments (Fig. 5) . In lean, healthy individuals, glycogen synthesis is the primary route for insulin-mediated glucose disposal in skeletal muscle. This provides further evidence that the reaction fluxes predicted by model M.3 are physiologically sound. The activity coefficient ( Enz,i 0 ) for GS in M.2 almost equals to the enhancement coefficient x,S↔P of GS in M.3 (Table 3) . Also, the simulated glycogen synthesis flux from M.2 and M.3 are close ( Fig. 4B) . Correspondingly, the relative fraction of glycogen synthesis in total glucose disposal from M.2 and M.3 are similar (Fig. 5) . However, the dynamic simulations of nonoxidative and oxidative glucose disposal of M.2 and M.3 are significantly different.
Stimulatory Mechanisms of Insulin
Skeletal muscle is the most important insulin-sensitive peripheral tissue for glucose disposal (39) . Impaired insulin sensitivity of skeletal muscle reduces whole body glucose disposal. Therefore, clarifying the mechanisms of insulindependent skeletal muscle metabolism is essential for understanding the etiology of insulin resistance and type 2 diabetes mellitus. Some insulin-dependent processes, the upregulation of GLUT4 translocation, and the activation of key enzymes such as GS, have been well studied (18, 19, 24, 35) . However, due to a lack of in vivo experimental data, the mechanisms of insulin-stimulated skeletal muscle metabolism, particularly with regard to reaction flux rates, are still undetermined.
Of the models considered, simulations with the M.3 model incorporating dynamic reaction and transport rate coefficients were most consistent with the experimental data of the skeletal muscle metabolism response to insulin. However, the equations representing the dynamic reaction rate coefficients are phenomenological and not based on experimental measurements of enzyme activity. There is no direct experimental evidence that insulin can increase the activity of the enzymes involved. Data from skeletal muscle biopsies have verified only the increased activities of three enzymes (HK, GS, and PDH) following insulin stimulation (22, 24, 28) . In fact, the activity of the key glycolytic enzyme, phosphofructokinase (PFK), does not change during a clamp experiment (14, 25, 43, 44) . Although the reaction flux of PFK must increase substantially according to the M.3 simulation, further validation of this effect is required. However, from the M.2 simulation, it is clear that insulin stimulation of just three enzymes, HK, GS and PDH, cannot stimulate skeletal muscle metabolism enough to match the increase in GDR or changes of other intracellular metabolite concentrations. Also, the dynamics of the components of glucose disposal are significantly different between models M.2 and M.3 (Fig. 5) . Indeed, more frequent measurements of the three components of glucose disposal during a clamp would be a critical experiment to determine whether the M.3 model reflects the underlying mechanisms. This would mean that a far more complex coordination of intracellular metabolism exists during insulin stimulation.
It is difficult, however, to examine enzyme activities and corresponding reaction fluxes in vivo. If the measured insulinstimulated changes in enzyme activities reflect their real physiological status, then changes in activity of HK, GS, and PDH could be attributed to a direct effect of insulin via insulin signaling. However, the lack of change in PFK activity during clamp experiments indicates that not all enzymes are under the direct control of insulin. Clearly, the measured enzyme activity change in PFK is inconsistent with the predicted reaction flux response of glycolysis. The discrepancy between the M.2 and M.3 simulations suggest that additional stimulatory factors exist in vivo that increase the reaction rate coefficients as represented phenomenologically. This could be associated with enzyme interactions induced by increased reaction flux rates (40) . Therefore, the current in vitro measurements based on biopsy samples are insufficient, and noninvasive in vivo techniques are needed to trace the enzyme activities and corresponding reaction flux changes.
Model Limitations and Future Development
The model developed for this study does not include the regulatory mechanisms of insulin signaling on skeletal muscle metabolism at the molecular level. The current model incorporates a phenomenological stimulatory effect of insulin on muscle metabolism. To improve our understanding of the regulatory mechanism of insulin on skeletal muscle, a quantitative relationship between plasma insulin concentrations and specific reactions in tissue should be established. Some mathematical models of the detailed insulin signaling pathways have been published (36) , which could be incorporated into this insulin/glucose metabolic model. Such a mechanistic model could provide investigators with an in silico tool to pursue a systems biology approach to evaluate regulatory mechanisms of insulin on skeletal muscle metabolism in response to potential treatment modalities targeted against insulin resistance.
Conclusion
The model mechanism that produced the best fit of simulated outputs to experimental data assumed that metabolic reaction fluxes associated with glucose disposal increased in parallel coordination with nonconstant reaction rate coefficients. This represents the first in silico study to demonstrate that simple mass action or upregulation of key rate-limiting enzymes (HK, GS, PDH) is insufficient to accurately explain insulin-stimulated changes in the concentration of intracellular species and partitioning of glucose disposal in skeletal muscle. We have demonstrated for the first time that insulin propagates a rather complex coordination of enzymatic reaction fluxes and thus highlights a relatively unexplored research direction. By yielding important predictions about changes of intracellular species concentrations, reaction fluxes, and the partitioning of glucose within skeletal muscle, we have developed a tool that could be used to further explore and ultimately understand the processes of insulin-stimulated metabolism and the mechanism by which they may become impaired.
